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Abstract. Typical pedestrian re-identification system consists of fea-
ture extraction and similarity learning modules. The learning methods
involved in the two modules are usually designed separately, which makes
them sub-optimal to each other, let alone to the re-identification tar-
get. In this paper, we propose a deep second-order siamese network
for pedestrian re-identification which is composed of a deep convolu-
tional neural network and a second-order similarity model. The deep
convolutional network learns comprehensive features automatically from
the data. The similarity model exploits second-order information, thus
more suitable for re-identification setting than traditional metric learn-
ing methods. The two models are jointly trained over one unified large
margin objective and the consistent convergence is guaranteed. More-
over, our deep model can be trained effectively with a small pedestrian
re-identification dataset, through an irrelevant pre-training and relevant
fine-tuning process. Experimental results on two public datasets illus-
trate the superior performance of our model over other state-of-the-art
methods.

1 Introduction

Re-identifying a target pedestrian observed from a non-overlapping camera net-
work is an important task in many real-world applications, such as threat detec-
tion, human retrieval and cross-camera tracking. During the past several years,
it has drawn a lot of attentions from the field of computer vision and pattern
recognition. Despite a lot of efforts spent on this task, pedestrian re-identification
still remains largely unsolved due to low quality of images and complex varia-
tions in viewpoints, poses and illuminations. Some examples are shown in Fig. 1
to illustrate these difficulties.

Classical solutions for pedestrian re-identification mainly consist of two mod-
ules: feature extraction and similarity learning. Previous work usually focused
on either feature extraction [1–10] or similarity learning [11–19].
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Fig. 1. Examples of pedestrian images. The left five columns are from VIPeR dataset
[1], and the right ones are from CUHK01 dataset [16]. Each column contains two images
from same person in different cameras, indicated by red and blue boxes respectively.
(Color figure online)

Early feature extraction methods mainly capture two clues: color and tex-
ture. They combine sophisticated low-level features such as HSV, Gabor, HOG
to describe the appearance model of pedestrian images, from which the similar-
ity between a pair of images can then be measured by some similarity metric
learning methods. Farenzena et al. [2] proposed the Symmetry-Driven Accumu-
lation of Local Features (SDALF). They exploited the symmetry structure of
pedestrians to handle view variations. Ma et al. [4] combined Gabor filters and
covariance descriptor to handle illumination changes. However, handcrafted fea-
tures are extremely hard to design due to the complicated variations in the real
world camera networks. People often fail to take all interference factors into con-
sideration. Recently, a series of work by Zhao et al. [7–9] attempted to use the
saliency parts of pedestrians to estimate whether they are the same person or
not. However, the saliency parts are not always consistent under different camera
views. A common situation is that the same part of a pedestrian may look quite
different from two cameras due to complex lighting conditions and pose changes.
Recently Zheng et al. [20] proposed a general feature fusion scheme for image
search which can also be utilized in pedestrian re-identification. Given a query
image, their method can automatically evaluate the effectiveness of a to-be-fused
feature, and then make use of the good features and ignore the bad ones.

Recently, some researchers try to boost the performance of pedestrian re-
identification in the metric learning context [13–15,21]. Zheng et al. [13] pro-
posed the Probabilistic Relative Distance Comparison (PRDC) model to max-
imize the likelihood of genuine pairs (from the same person) having smaller
distances than those of imposter pairs (from different persons). A simple though
effective strategy to learn a distance metric, named KISSME, from equivalence
constraints was proposed in [14]. Mignon and Jurie [15] proposed the Pairwise
Constrained Component Analysis (PCCA) to learn a projection from raw input
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space into a latent space where a desired constraint is satisfied. Chen et al. [21]
introduced a mixture of linear similarity functions that is able to discover dif-
ferent matching patterns in the polynomial kernel feature map. These typical
metric learning (ML) methods generally aim to automatically learn similarity
metrics from data under supervised or semi-supervised learning setting. To this
end, the original data is usually transformed to another feature space where
the distance measure is more ideal for the learning objective. However, metric
learning for pedestrian re-identification is much more difficult than that for tra-
ditional learning tasks such as classification. As for pedestrian re-identification
problems, we need to estimate whether a pair of images are from the same person
or not. For this purpose, metric learning here should deal with the challenges
of large number of classes (persons) and large within-class variance. Moreover,
since the training and testing datasets contain totally different persons, metric
learning for pedestrian re-identification is expected to generalize well to unseen
categories. Therefore, common metric learning strategy of globally linear trans-
formation in Euclidean or Cosine distance may not be an effective solution for
this problem. Different from previous typical methods, Li et al. [17] proposed the
Locally Adaptive Decision Function (LADF) model that exploits second-order
information which is more effective to model the complex relations between
pedestrian image pairs. This model achieved good performance on pedestrian
re-identification task.

It is worth noting that all the above methods only focused on one aspect of
the pedestrian re-identification task, either feature extractor or similarity learn-
ing model. However, designing features and learning similarity model separately
cannot guarantee their optimality for each other, thus making the whole re-
identification system sub-optimal. If the feature extraction part fails to capture
consistent and comprehensive features, even a sophisticated similarity learning
algorithm will behave poorly. On the other hand, when we have features contain-
ing rich information, we still cannot re-identify a pedestrian successfully with an
ineffective similarity learning model.

Recently, deep networks [22–24] are proposed to tackle this problem. The
end to end architecture can improve the optimality of their models. Specifically,
[22] proposed a siamese network named the Deep Metric which is quite sim-
ilar to an early work by Chopra et al. [11]. The main difference is that they
use the Cosine norm to evaluate the similarity score while Euclidean norm is
used in [11]. This model is similar to typical metric learning except that Deep
Metric takes raw image pixels (instead of handcrafted features) and transforms
them nonlinearly through a convolutional neural network (CNN), instead of
traditional linear transformations. Therefore, the CNN in Deep Metric model
actually works as both a feature extractor and a metric learner. This is too
much duty for a single model. Even with nonlinear approximation ability, Deep
Metric model may not perfectly fit for pedestrian re-identification task. In Deep
Re-ID [23] model, several layers are designed to tackle different issues in pedes-
trian re-identification, such as photometric transforms, displacement and pose
transforms. However, it is too ideal to expect each single layer to handle a
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complex variation. Ahmed et al. [24] proposed an improved deep architecture for
pedestrian re-identification. Similar to Deep Re-ID, they formulated the prob-
lem of pedestrian re-identification as a binary classification problem. And they
both defined a similar layer to encode the differences between features, which are
extracted from previous convolutional layers. As they both train their models
directly with a relatively small pedestrian re-identification dataset, the scale of
their networks is limited. This limitation results in weaker hierarchical semantic
abstraction ability of their model.

To address all the above problems for pedestrian re-identification task, we
propose a deep second-order siamese network (DSSN) which is composed of a
CNN model as feature extractor and a second-order similarity model as similar-
ity learner. Deep CNN model succeeds in many computer vision applications as
a feature extractor thanks to its highly nonlinearity and hierarchical semantic
abstraction ability. However, it is quite hard to train a large scale CNN model
with a relatively small pedestrian re-identification dataset. Inspired by RCNN
[25], we design an irrelevant pre-training and relevant fine-tuning strategy to ini-
tialize the deep CNN. In the similarity learning part, we propose a model which
encodes second-order information. The higher-order similarity layer can model
more complex relation than typical ML methods, thus more suitable for pedes-
trian re-identification task. Both the deep CNN and the second-order similarity
model are trained alternately with one unified energy based loss function to
guarantee their optimality for each other. Moreover the energy based loss func-
tion leads to a large margin solution, which in turn enhances the generalization
ability of the proposed method. Experimental results on benchmark pedestrian
re-identification tasks verify the effectiveness of our proposed method. The main
contributions in this paper can be summarized as follows:

– With irrelevant pre-training and relevant fine-tuning process, we succeed in
training a large scale deep CNN with a small pedestrian re-identification
dataset.

– A similarity model encoding second-order information is proposed to estimate
the similarities between feature pairs, which is more effective than previous
metric learning methods for pedestrian re-identification problem.

– Thanks to the alternate learning strategy, a reasonably optimal large margin
solution is guaranteed.

2 Deep Second-Order Siamese Network

To estimate the similarity between two pedestrian images, we propose a method
named Deep Second-order Siamese Network (DSSN). The architecture of our
proposed method is shown in Fig. 2. It is composed of two identical convolutional
neural networks (CNN) and a second-order similarity (SS) function. With a
carefully designed energy based loss function, an ideal large margin solution
for re-identification task is guaranteed. In the following subsections, we present
the CNN model, the second-order similarity model and the energy based large
margin solution in details.
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2.1 Convolutional Neural Network (CNN)

The re-identification performance is affected by many factors such as low image
resolution, illumination, viewpoint and pose variations. To overcome these inter-
ference factors, we need to extract comprehensive and robust features. Designing
features with all interference factors taken into consideration is extremely hard.
Nevertheless deep CNN model shows its superior power over handcrafted models
thanks to its high nonlinearity and hierarchical semantic abstraction in many
computer vision applications. And with a elaborately designed objective, deep
CNN model can be learned to fit for a certain goal. Thus we believe features
learned from a deep CNN are more powerful than handcrafted features or fea-
tures learned via shallow networks.

To this end, we construct a deep convolutional neural network as feature
extractor for pedestrian re-identification task. The network is same as that pro-
posed in [26] except that we remove the softmax layer. The deep CNN contains
five convolutional layers and two fully connected layers. The forward process of
each layer is expressed in the following equations:

zl+1 = Wl+1 ∗ al + bl+1 (1)
al+1 = σ(zl+1) (2)
σ(x) = max(0, x) (3)

Wl+1 and al+1 are the parameter matrix and the activation of the (l + 1)th

layer respectively. σ(·) is the activation function and we use Rectified Linear
Units (ReLU) in this paper. The details about the network can be found in
[26]. The outputs of the last fully connected layer are taken as the learned deep
features.

As illustrated in Fig. 2, two pedestrian images are split into several non-
overlapping stripes. The two CNNs take each pair of the corresponding stripes
as input and output the learned deep features for the following similarity model.

2.2 Second-Order Similarity Function

In standard siamese network [11,22], the distance between two deep features is
usually calculated by a simple Euclidean or Cosine metric. Previous experimen-
tal results [22] of this type of siamese network on pedestrian re-identification
task did not demonstrate superior power over handcrafted feature followed by
metric learning methods [17]. Actually, extracting general sophisticated features
with a deep network is not good enough for pedestrian re-identification task.
Proper metric learning with respect to high-level re-identification objective is
still necessary.

To handle the complex relation addressed above, a variety of metric learning
(ML) methods [11–19] have been proposed. Despite of different objective func-
tions, these metric learning models calculate the new distance similarly as:
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Fig. 2. An overview of the deep second-order siamese network (DSSN). In the train-
ing phase, the gradients of the energy based loss function with respect to all model
parameters are back-propagated through the whole network which are indicated by the
yellow arrows. (Color figure online)

dML(x1,x2) = (x1 − x2)TLTL(x1 − x2)

= xT
1 Mx1 + xT

2 Mx2 − 2xT
1 Mx2

(4)

x1,x2 ∈ R
d are features extracted from a pair of pedestrian images. M = LTL

is a real symmetric matrix. By learning a desired L, samples from the same class
get closer to each other while those from different classes farther in a projected
latent space.

However, as pointed out in [17], there is an intrinsic mismatch between typical
ML methods and re-identification task. The projection matrix L learned from
training samples may not work well for testing samples from new categories.
A desired model for pedestrian re-identification requires the ability of adapting
locally rather than a simple global projection. Similar to [17], we define a second-
order similarity function to capture local data structures as follows:

s(x1,x2) =
1
2
(xT

1 Ax1 + xT
2 Ax2) + xT

1 Bx2 + b. (5)

s(x1,x2) > 0 means x1 and x2 being a genuine pair, otherwise an imposter
pair. {A,B, b} are parameters for the similarity function. A and B are real
symmetric matrices, and b is the bias term. And due to the symmetric constraint:
s(x1,x2) = s(x2,x1), we use A for both x1 and x2. Compared with typical
ML methods, the second-order similarity metric can model much more complex
relations due to three sets of parameters {A,B, b}.
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2.3 Energy Based Large Margin Model

To learn improved deep features and an ideal second-order similarity function for
pedestrian re-identification task, we adopt an energy based large margin model
as it can generalize well to unseen examples. Suppose there are P pairs of labeled
images, (x1,x2, y)i, i = 1, . . . , P , where xi

1 and xi
2 are the features extracted by

the CNN model described before, and yi = 1 indicates a genuine pair and yi = 0
an imposter pair. We define the overall loss function as:

L(Θ) =
P∑

i

L(Θ, (x1,x2, y)i)

=
P∑

i

yiLG(Θ, E(xi
1,x

i
2)) + (1 − yi)LI(Θ, E(xi

1,x
i
2))

(6)

Θ represents the whole set of parameters involved in the CNN and the similarity
function. LG(·) and LI(·) are the loss functions for genuine and imposter pairs
respectively. E(xi

1,x
i
2) is the energy function measuring the compatibility of a

pair of the image features, which is defined as:

E(xi
1,x

i
2) =

1
Z

exp (−s(xi
1,x

i
2)

λ0
), (7)

where

Z =
P∑

i=1

exp(−s(xi
1,x

i
2)

λ0
) (8)

is the partition function. Lower energy E(xi
1,x

i
2) indicates larger s(xi

1,x
i
2), which

suggests xi
1 and xi

2 form a genuine pair. On the contrary, higher energy suggests
the data being an imposter pair.

The two partial loss functions LG(·) and LI(·) take the forms of:

LG(xi
1,x

i
2) = αE(xi

1,x
i
2)

2
, (9)

LI(xi
1,x

i
2) = 2 exp (−βE(xi

1,x
i
2)) (10)

α and β are two constant parameters. The energy value E > 0 is guaranteed due
to its definition. Clearly, LG(·) is a monotonically increasing function and LI(·)
is a monotonically decreasing function, respect to E. It has been proved in [11]
that with the partial losses of such monotonicity, minimizing the loss function
L(Θ) defined in Eq. (6) leads to a large margin solution which can generalize
well to unseen persons.

To understand in a more loose way, minimizing L(Θ) corresponds to decreas-
ing the energy E(xi

1,x
i
2) for genuine pairs and increasing the energy for imposter

pairs. Equivalently, the objective leads to larger similarity score s(xi
1,x

i
2) for gen-

uine pairs and smaller similarity score for imposter pairs.
Researchers in [17] also proposed a method to approach a large margin solu-

tion for second-order metric model. They train their proposed model in SVM-like
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fashion. It should be noticed that the SVM-like solution is not quite straight-
forward to combine with the back-propagation algorithm. That’s why we choose
the energy-based loss function.

2.4 Gradients

The parameters in both CNN and second-order similarity model are jointly opti-
mized with the unified loss function 6. We use alternate training process to adjust
each part of the deep second-order siamese network to get an optimal model. It
should be pointed out that Li et al. [17] proposed a SVM-like objective function
to approach the large margin solution. However, it is pretty hard for the SVM-
like objective to optimize the CNN model. Instead, we adopt the energy based
loss function, since it is quite straightforward to use back propagation (BP) algo-
rithm to optimize both the CNN and similarity models under the energy based
framework.

Optimizing the second-order similarity model is pretty straightforward. We
can calculate the derivatives of the loss function (6) with respect to {A,B, b} as
follows:

∂L
∂A

=
P∑

i=1

∇i ∗ xi
1x

i
1
T + xi

2x
i
2
T

2
(11)

∂L
∂B

=
P∑

i=1

∇i ∗ xi
1x

i
2

T
(12)

∂L
∂b

=
P∑

i=1

∇i (13)

with

∇i =
2yiα(E3 − E2) + 2(yi − 1)β(E2 − E) exp (−βE)

λ0
, (14)

where E is the abbreviation for E(xi
1,x

i
2). Then, we can use a gradient based

optimization method like L-BFGS to obtain local optimal estimates for A,B
and b.

We use back-propagation (BP) algorithm to optimize the parameters of the
convolutional neural network. Suppose the CNN has N layers and Wn is the
parameter matrix of the n-th layer. The gradients of loss L with respect to Wn

is calculated as:

∂L
∂Wn

= an−1δn (15)

δN =
∂L
∂aN

� σ′(zN ) (16)

δn = (Wn+1T δn+1) � σ′(zn) (17)

zn is the input of the activation function σ(·) in the n-th layer. an is the corre-
sponding activation vector. δn is the error term defined in BP algorithm.
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The inputs to the second-order metric model, xi
1 and xi

2 are also the outputs
of the CNNs. Thus δN in our model can be calculated as:

δN =
∑

i

∂L
∂xi

� σ′(zN ) (18)

∂L
∂xi

1

= ∇i ∗ (Axi
1 + Bxi

2) (19)

∂L
∂xi

2

= ∇i ∗ (Axi
2 + Bxi

1) (20)

Once we get δN , the rest work can be done with typical BP algorithm.
As proved in [11], minimizing the loss function (6) with respect to the para-

meters of the CNN and the second-order similarity model will both lead to large
margin solutions. Therefore, consistent convergence of our optimization method
is guaranteed.

3 Learning Strategy

As large scale of parameters generally requires large scale of training samples,
successful deep networks are usually trained on large datasets, such as ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) dataset [27] which con-
tains millions of images. However, most of the public pedestrian re-identification
datasets only contain several thousand images. It is unreasonable to directly
train a deep model involving millions of parameters with such a small dataset.

In the work of Girshick et al. [25], researchers found a way to bridge the
huge gap between small scale dataset and large scale model. They pre-train the
model on ILSVRC dataset with supervision and then fine-tune the model with a
domain-specific loss function on a small dataset. The reason behind the success
is that lower level convolutional filters detecting edges, orientations, etc. can be
shared across different sources of datasets, while higher level filters encoding rich
semantic information must be task specific. Pre-training on a large dataset with
supervision can generate effective low-level filters and a good initialization for
high-level filters. After that fine-tuning process can further adjust the model to
fit some specific task on a small dataset.

Inspired by this paradigm, our learning strategy consists of three stages.
First, we pre-train the CNN model on the ILSVRC dataset. On the second
stage, we fine-tune it with a pedestrian dataset with supervision. At last, we
jointly minimize the loss function (6) with respect to both the CNN model and
the second-order similarity model.

3.1 Supervised Pre-training and Fine-Tuning CNN

We pre-train the CNN model with the open source Caffe library [28] on ILSVRC
dataset. The detailed training process is the same as [25]. After the pre-training
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Algorithm 1. The main learning algorithm
Input: Dataset D = {(x1,x2, y)

i}n
i=1

Random initialized W (CNN model)
Random initialized {A,B, b} (SS model)

Output: Wopt and {A,B, b}opt

1: Pre-train W on ILSVRC dataset
2: Fine-tune W on D with Euclidean norm as similarity measure
3: while until convergence do
4: Randomly select a batch of data samples from D
5: Compute the value of Eq. 6 for this batch
6: Use back-propagation algorithm to calculate the gradients of W and {A,B, b}
7: Update W and {A,B, b}
8: end while
9: Wopt ← W

10: {A,B, b}opt ← {A,B, b}
11: return Wopt and {A,B, b}opt

step, the lower level convolutional filters are capable of extracting general instruc-
tive low-level image features.

The high-level filters in the pre-trained CNN model is suitable for image
classification but may not fit for encoding significant information for pedestrian
re-identification. Therefore, we fine-tune the CNN model using a set of pedestrian
images. To this end, we construct genuine pairs and imposter pairs from these
images, and minimize the loss function L(Θ) on these sample pairs. In this
stage, we replace the second-order similarity model in the DSSN model with
a Euclidean norm. The effectiveness of the learned CNN model for pedestrian
re-identification task is validated through experiments in Sect. 4.3.

3.2 Joint Optimization

After the fine-tuning process, we need to minimize the loss function (6) with
respect to both the CNN and the second-order similarity model to guarantee
their optimality for each other. To achieve this goal, we calculate the gradients
of the second-order similarity model based on Eqs. 11–13. And the gradients of
CNN in each layer can be computed through back-propagation algorithm. The
error terms in the last full connected layer is in the form of Eqs. 18–20. Classical
stochastic gradient descent (SGD) algorithm can be applied to optimize the CNN
and second-order similarity model simultaneously. As discussed in Sect. 2.3, each
step in the optimization process will lead to a large margin solution. Thus the
DSSN model composed of the CNN model and second-order similarity model is
guaranteed to converge to a local optimal state, which is fairly desirable for the
pedestrian re-identification task.

To summarize, our overall learning algorithm is described in Algorithm1.
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4 Experiments and Analysis

We conduct our experiments on two benchmark datasets, i.e. the VIPeR [1]
dataset and the CUHK01 [16] dataset. We compare our method to other deep
models and state-of-the-art methods for pedestrian re-identification. The results
validate the effectiveness of our proposed DSSN model.

4.1 Datasets

VIPeR dataset contains 632 people and 2 images for each pedestrian. Images
are normalized to 48 × 128 for evaluations. A pair of images are captured from
2 different camera views (camera A and camera B). The viewpoint change is of
90◦ or more. Complex illumination conditions and huge pose variations make
VIPeR dataset the most challenging pedestrian re-identification dataset.

CUHK01 dataset contains 971 people which are also captured from 2 camera
views and are normalized to 60×160. And there are 2 images for each pedestrian
in each camera view. Images in CUHK01 dataset have higher resolution. The
illumination condition is more stable than VIPeR dataset. The better quality
makes it possible for the DSSN to encode more information.

4.2 Evaluation Protocol

Our experiments on both datasets follow the evaluation protocol in [1]. The
datasets are randomly partitioned into two even parts as training set and test-
ing set. For VIPeR dataset 316 pedestrians are randomly picked up as training
samples and 486 pedestrians for CUHK01 dataset. In the testing phase, the
probe set is composed of images from camera A, and the gallery set is from
camera B. We calculate the similarity scores between a target in the probe set
and all candidates in the gallery set based on our proposed model. Then we can
get the ranking of the candidates based on their similarity scores. The standard
cumulative matching characteristic (CMC) curve is then reported to measure the
performance over the whole probe set [29]. Generally higher CMC curve indi-
cates better performance. To get stable statistics, all experiments are repeated
10 times with random training and testing partition on both datasets. And the
average CMC curves over 10 trials are reported to evaluate the performance on
both datasets.

4.3 Feature Learned via Deep CNN V.S. Handcrafted Feature

To evaluate the effectiveness of the deep CNN model, we compare the feature
extracted from the fine-tuned deep CNN model (Deep feature) with several hand-
crafted features. They are HGR feature [30], eLDFV [3], eBiCov [4] and QALF
[20]. Among them, HGR feature is used in [17] and achieved a good perfor-
mance on pedestrian re-identification task. It is a hierarchical gaussianization
representation based on simple patch color descriptors. It can be seen as the
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baseline of the handcrafted feature. eLDFV is a fusion of Weighted Color His-
tograms (wHSV), Maximally Stable Color Regions (MSCR) [2] and fisher vectors
encoded local descriptors. eBiCov is a bio-inspired covariance descriptor fused
with wHSV and MSCR. QALF is a self-adaptive feature fusion method that
fuses several low-level features such as Color Histograms, Color Names, LBP,
HOG. The results of different feature methods on VIPeR dataset are presented
in Table 1. The best results at each rank are highlighted in bold face.

Table 1. Comparison with different features on VIPeR (Unit: %).

Method Rank-1 Rank-5 Rank-10 Rank-20

HGR 9.46 22.50 31.80 40.41

eLDFV 22.34 46.92 60.04 71.81

eBiCov 20.66 42.62 56.11 67.67

QALF 30.17 51.60 62.44 73.81

Deep feature 30.70 55.70 65.82 74.37

From Table 1, we can tell that the Deep feature is much better than HGR,
eLDFV and eBiCov features. The Rank-1 matching rate is around 20%, 8% and
10% higher than these three methods respectively. It is worth noting that eLDFV
and eBiCov both fused several different features. And fusing features together
generally can achieve better performance. QALF can even reward good features
with higher weights and punish bad features. But the Deep feature alone is still
slightly better than the QALF feature. These results demonstrate that due to
the great semantic abstraction ability of the deep CNN model, the learned Deep
feature is better than handcrafted ones for pedestrian re-identification task.

4.4 Comparison Between Similarity Methods

In our proposed model, the second-order similarity (SS) function is defined to
model the complex relation between pair data. To validate the need for metric
learning and the effectiveness of our SS model, we compare it with other similar-
ity methods including Euclidean norm (Euc) and Mahanalobis based distance
function (Eq. 4). Euc is compared as the baseline method. And Mahalanobis
based distance is the similarity measure in most typical metric learning methods.
We use Euc and Mahalanobis based distance as similarity function respectively
to replace our SS model. And they are jointly trained with the CNN model
under the same strategy described in Sect. 3. The results of different similarity
methods on VIPeR and CUHK01 datasets are shown in Fig. 3.

It is clear showed in Fig. 3(a) and (b) that the performance of Mahalanobis
based distance are better than Euc. The Rank-1 matching rate of Mahalanobis
based distance are around 8% and 4% higher than Euc on VIPeR and CUHK01
respectively. While adopting the same CNN model and training strategy, the



Deep Second-Order Siamese Network for Pedestrian Re-identification 333

Rank

M
at

ch
in

g
 R

at
e(

%
)

30

40

50

60

70

80

90

100

 30.70% Euclidean Norm

 38.09% Mahalanobis Distance

 45.32% Second-order Similarity

(a) CMC curves on VIPeR
Rank

0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
30

40

50

60

70

80

90

100

 30.52% Euclidean Norm

 34.59% Mahalanobis Distance

 54.36% Second-order Similarity

(b) CMC curves on CUHK01

Fig. 3. Experimental results compared with different similarity methods.

only difference between these methods are the similarity measures. The better
performance demonstrate that even processed by a strong CNN model, metric
learning method is still a essential part in pedestrian re-identification.

We also notice that our proposed SS model achieves much better results than
Mahalanobis based distance. The Rank-1 matching rate on two datasets are
around 7% and 20% higher respectively. Mahalanobis based distance, like other
typical ML method tries to find an ideal latent space through one single global
projection while our SS model exploits the second-order information. Hence the
better performance demonstrates the advantage of the second-order model over
typical ML methods. This is all due to the ability of modeling more complex
relation.

4.5 Comparison with Other Deep Models

As the proposed DSSN model is a deep model, we compare it with other deep
models proposed for pedestrian re-identification task. These models include Deep
Metric [22], FPNN [23] and Improved Deep [24]. Deep Metric is a siamese
network but with similarity layer being a simple Cosine norm. FPNN model
and Improved Deep model both formulate pedestrian re-identification task as a
binary classification problem and train their models directly with relative small
pedestrian re-identification datasets.

In Table 2, we present the experimental results of different deep models on
VIPeR and CUHK01 datasets. Unavailable statistic data is denoted by −. And
the best results at each rank are highlighted in bold face. From Table 2 it is
obvious that our proposed DSSN achieves the best performance on both datasets.
On VIPeR dataset, the Rank-1 matching rate of our DSSN model is 45.31% while
the best of other methods is only 34.81%. This shows the superior power of our
DSSN model over other deep models. Besides we notice that our DSSN model
gets more improvement on VIPeR dataset than on CUHK01 dataset. On VIPeR
dataset the Rank-1 matching rate is around 11% higher than the others while
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Table 2. Comparison with deep models on VIPeR and CUHK01 (Unit: %).

Method VIPeR CUHK01

Rank-1 Rank-5 Rank-10 Rank-20 Rank-1 Rank-5 Rank-10 Rank-20

Deep
metric

28.23 59.27 73.45 86.39 - - - -

Improved
deep

34.81 63.61 75.63 84.49 47.53 71.60 80.25 87.45

FPNN - - - - 27.87 59.64 73.53 87.34

DSSN 45.31 78.00 87.81 92.37 54.36 78.53 86.19 92.11

it is only around 7% on CUHK01 dataset. Considering the fact that VIPeR
dataset suffers more from viewpoint changes and illumination variations than
CUHK01 dataset, the larger improvement on VIPeR dataset indicates that our
DSSN model is more robust to these interference factors than the other ones.

Compared with the Cosine norm of Deep Metric, our second-order similarity
model can model more complex relation. And as for FPNN and Improved Deep
they train their network directly while our DSSN adopts the pre-training and
fine-tuning process. This makes our model deeper and better trained than theirs.
Further more, the joint optimization leads our model to a overall optimal state.
These differences result in the remarkable improvement over other deep models.

Rank
0 2 4 6 8 10 12 14 16 18 20

M
at

ch
in

g
 R

at
e(

%
)

20

30

40

50

60

70

80

90

100

 30.16% SalMatch
 29.11% MidFilter
 29.34% LADF
 30.89% QALF
 36.77% PKFM
 45.32% DSSN
 40.83% Deep+SS

(a) CMC curves on VIPeR
Rank

0 2 4 6 8 10 12 14 16 18 20

M
at

ch
in

g
 R

at
e(

%
)

20

30

40

50

60

70

80

90

100

 28.45% SalMatch
 34.30% MidFilter
 27.87% Deep Re-ID
 54.36% DSSN
 50.59% Deep+SS

(b) CMC curves on CUHK01

Fig. 4. Experimental results compared with state-of-the-art methods.

4.6 Comparison with State-of-the-Art Methods

After validating the effectiveness of each part in our DSSN model, we also com-
pare our DSSN model with several state-of-the-art methods: SalMatch [8], Mid-
Filter [9], LADF [17], QALF [20] and PKFM [21]. SalMatch and MidFilter define
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features based on the saliency parts in pedestrian images. LADF solved a SVM-
like objective which leads its similarity model to a large margin solution. PKFM
introduced a mixture of linear similarity functions to discover different matching
patterns in the polynomial kernel feature maps.

CMC curves on VIPeR and CUHK01 dataset of different methods are shown
in Fig. 4(a) and (b) respectively. We denote the methods of combining the Deep
feature with our SS model as Deep+SS. The difference between Deep+SS and
our full DSSN model is that the CNN model and the SS model of Deep+SS
method are trained separately while our DSSN model are jointly optimized. From
Fig. 4(a) we can see that on VIPeR dataset Deep+SS method achieves better
result than other methods except for DSSN. The Rank-1 matching rate of PKFM
is only 36.77% while Deep+SS method reaches at 40.83%. This result indicates
that the fine-tuned CNN model and the SS model are quite effective. Simple
combination achieves decent improvement over other methods. Furthermore, the
performance of DSSN are better than Deep+SS on a remarkable scale. The Rank-
1 matching rate of DSSN reaches at 45.31%. This indicates the proposed joint
optimization algorithm further improves the CNN model and the second-order
similarity model.

Similar results have been found on CUHK01 dataset in Fig. 4(b). Deep+SS
outperforms others while DSSN achieves the best result. The Rank-1 matching
rate of DSSN is 54.35%. These results further validate the effectiveness of the
proposed DSSN model and the joint optimization algorithm.

5 Conclusion

In this paper, we propose a novel deep second-order siamese network for pedes-
trian re-identification which consists of feature extraction and similarity learning
modules. The features learned via the deep CNN model encode effective informa-
tion for pedestrian re-identification. And the second-order relation exploited in
the similarity function makes the model more suitable for re-identification task.
We propose an joint optimization process to train the model successfully. There-
fore the feature learning and similarity learning modules are optimal for each
other, which is rarely seen in previous related works. The experimental results
validate the superiority of our model over other methods on two benchmark
datasets.
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